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ABSTRACT: Disrupted critical infrastructure systems following disasters can result in population 
outmigration which may subsequently negatively impact a community’s indirect socioeconomic losses 
over time. In this study, a community was modeled with its interconnected physical-socio-economic 
attributes and population outmigration was used as a basic proxy community resilience metric. The 
probability of outmigration for each household was assessed based on the probability that the school-age 
students, household residents, and employees in the household are affected over a prescribed time period 
from the occurrence of the hazard to the full restoration of the community. Finally, the potential 
population outmigration for the community was assessed by aggregating the probability for all the 
households in the community. Additionally, a prediction model for the number of injuries and fatalities 
was implemented in the analysis to be served as a community-level life-safety metric. Ultimately, these 
metrics were combined and utilized to propose a framework for disaggregation of a set of community-
level objectives into a set of performance targets for the components of the built environment. Such a 
model is desirable for policymakers and community leaders in order to make long-term decisions for 
their community. 
1. INTRODUCTION 
Studying the resilience of critical infrastructure 
systems has justifiably received the attention of 
researchers, community leaders, and 
policymakers after paying attention to the 
socioeconomic consequences of recent disasters 
such as the 2001 World Trade Center Attack, the 
2003 North America Blackout, the Japan 
Earthquake and Tsunami of 2011, and Hurricane 
Maria in 2017. A resilient community has been 
defined as one that has planned for potential 
hazards in order to be able to resist, absorb, and 
adjust to changing conditions as well as to return 
to a level of normalcy within a reasonable time 
following a disaster (Alexander, 2013; Bruneau et 
al., 2003; Platt et al., 2016; PPD-21, 2013). 
Koliou et al. (2018) reviewed past community 
resilience studies with a focus on the effects of 
natural hazards on the built environment as well 
as social and economic sectors within a 
community. They also discussed the critical gaps 
to be addressed in order to enhance community-
level resilience assessment methodologies. An 
example of these critical paucities in the literature 
is considering the dependencies and cross-
dependencies across community components and 
networks to study a community-level resilience 
methodology that links the physical, social, and 
economic sectors within the community. 
Lin et al. (2016) proposed a disaggregation 
framework that determines design performance 
targets for individual buildings by satisfying a 
community-level goal. The community-level 
metric defined in their study is the percentage of 
the buildings that are unsafe to occupy after a 
specified scenario. Reinhorn and Cimellaro 
(2014) and Cimellaro et al. (2015) proposed a 
resilience-based design framework which 
considers all the structures and networks within a 
community to define a resilience metric and use it 
further to find performance targets for individual 
13th International Conference on Applications of Statistics and Probability in Civil Engineering, ICASP13 
Seoul, South Korea, May 26-30, 2019 
 2 
structures. This framework provides information 
beyond those offered by current standards for 
decision makers and engineers. Zhang et al. 
(2018) developed a methodology for designing 
networks subjected to disruptive events, which 
minimizes the cost while satisfies system 
resilience goals as well. Salem et al. (2017) 
designed a blast-resilient methodology for 
buildings. Their methodology considers the direct 
loss to the building as well as downtime, but it 
neglects the importance of interactions between 
building and other components and networks 
within the community. 
In this study, a framework is presented that 
elaborates on modeling the built environment of 
communities for resilience study and how to use 
some predefined community-level metrics 
(including resilience metrics) for designing 
individual structures in the built environment. The 
proposed methodology can be implemented for 
optimal recovery planning (Nozhati et al., 2019) 
or resilience-based risk-informed decision-
making tools for community leaders and policy 
makers. 
2. COMMUNITY MODELING 
The west part of Norman, OK, USA, with an area 
of 14.5 km by 12.9 km was studied herein which 
includes more than 90% of Norman’s population. 
The residential sector (RS) in this area includes 
41,254 houses among which 37,785 are occupied 
and 3,469 are unoccupied. The number of 
occupied and unoccupied houses, population, 
median house value, median household income, 
median family income, the percentage of 
unemployment, as well as the number of students 
in each school level were derived from census 
data (City-Data, 2016). Moreover, the city has 
fifteen elementary schools (ES), four middle 
schools (MS), and two high schools (HS) which 
host 4,829 students, 3,671 students, 3,460 
students, respectively. Also, the city’s total 
population is 110,844. For the business sector 
(BS), 53,890 people work in the modeled part of 
Norman, among which, 49,848 employees live in 
the city and the rest (i.e., 4,042 employees) live 
outside the city. 
The electric power network (EPN) in the 
community includes 4 transmission substations 
(TSS), 18 distribution substations (DSS), 123 
transmission towers, and 1,393 sub-transmission 
towers. Transmission and sub-transmission 
towers are spaced at 310 m and 110 m, 
respectively. Also, a simplified water supply 
network (WSN), including six water towers (WT) 
with different capacities and one water treatment 
plant (WTP), was considered for Norman. In 
order to consider the effects of cascading failure 
in the analyses, dependencies among the 
components of each network and the cross-
dependencies between components of different 
networks were modeled here. The cross-
dependencies among networks are summarized in 
Table 1. The EPN provides electricity for the 
WSN, SN, RS, and BS. The WSN satisfies the 
water demand of the SN, RS, and BS. The school 
network hosts the students who live in the 
residential sector and the residential and business 
sectors are mutually dependent. 
 
Table 1. Cross-dependency matrix for the networks 
Network 
is cross-dependent on (i.e., is supplied by): 
RS BS EPN WSN SN 
RS  × × × × 
BS ×  × ×  
EPN      
WSN   ×   
SN   × ×  
 
After modeling the topology of networks and 
their components as well as the interaction 
between components, the properties of each 
component need to be assigned according to the 
studied natural hazard. In this study, the 
performance of community components when 
subjected to tornado were modeled through a set 
of tornado fragility curves. Additionally, a repair 
time associated with each damage state was 
assigned to each community component for 
investigating the restoration analysis following a 
simulated tornado event. For more information 
regarding the fragilities and repair time 
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parameters, readers are referred to Masoomi et al. 
(2017), Memari et al. (2017), Koliou et al. (2017), 
Masoomi and van de Lindt (2016), and Lopez et 
al. (2009). 
3. DAMAGE SIMULATION 
Since Norman, OK, is a tornado-prone region, 
tornado hazard was selected in this study. The 
tornado path was modeled according to the 
gradient method proposed by Standohar-Alfano 
and van de Lindt (2014). The gradient method 
idealizes a tornado path with a rectangle which 
includes several sub-rectangles for modeling 
different intensities in a tornado path. Masoomi 
and van de Lindt (2017) discussed this method 
along with two other tornado path simulation 
methods. Based on the gradient method, for 
modeling a tornado path, it is needed to define the 
tornado path direction, length, width, and the 
coordinate of its center point. In this study, the 
tornado path direction is a random variable with a 
uniform distribution between 0 and π while it was 
assumed that any simulated path has a center point 
located randomly in the specified boundary of 
Norman shown in Figure 1. Additionally, tornado 
path length and width are correlated random 
variables and were generated based on the 
Gaussian copula model (the marginal 
distributions for path length and width are per 
Masoomi and van de Lindt (2018a)). 
 By modeling the tornado path, the tornado 
intensity applying on each component in the city 
is known. Therefore, based on the fragility 
parameters for each component and the wind 
speed corresponding to the EF-intensity acting on 
the component (shown in Table 2), a spatial 
realization of damage can be simulated. This 
damage which is based on the physical 
performance of the component defines the 
intrinsic failure status of the component. 
However, each component might have some 
externalities which are required for the normal 
functioning of the component. Therefore, after 
modeling the physical damage of the components, 
it is required to find the extrinsic failure status of 
the component by considering the dependencies 
between components of a network or cross-
dependencies among the components of different 
network. This allows consideration of the 
cascading failure in the resilience assessment of 
communities with interdependent networks. 
Once, the extrinsic failure status of the component 
is found, then, the functionality failure status for 
the component is just simply the union of the 
intrinsic and extrinsic failure statuses. The 
functionality failure status of the components will 
be used to measure the performance of the 
networks and the community at different times 
following the event, which can be illustrated as 
the recovery curves discussed in the next section. 
 
 
Figure 1. A simulated tornado path along with the 
modeled networks of Norman 
 
Table 2. Wind speed for each EF scale 
EF Scale 
3-Sec Gust Wind Speed, m/s (mph) 
Wind Speed Range 
(McDonald and Mehta, 2006) 
Mean Value 
EF0 29-38 (65-85)  34 (75)  
EF1 39-49 (86-110)  44 (98)  
EF2 50-60 (111-135)  55 (123)  
EF3 61-74 (136-165)  67 (150)  
EF4 75-89 (166-200)  82 (183)  
EF5 >89 (>200)  101 (225)  
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4. RECOVERY ANALYSIS 
The discrete event simulation (DES) method was 
used in this study for doing the recovery analysis. 
The flowchart for the recovery analysis is shown 
in Figure 2. For the recovery analysis, a recovery 
sequence list of the damaged components is first 
made for each network based on some priority 
rules/policies in that some components might be 
more critical than others and needs to be 
recovered as soon as possible. Then, the available 
recovery resource units are assigned to the 
damaged components in the recovery sequence 
list. Once a damaged component is repaired, the 
corresponding recovery resource unit moves to 
the next damaged component in the list until all 
components are repaired. 
 
 
Figure 2. The flowchart for the recovery analysis 
 
A performance index was defined for the 
WSN as the percentage of the community demand 
being supplied by the network. In order to 
illustrate the progress of restoration, the 
performance index was updated when a damaged 
component was repaired or when a DSS that feeds 
the pumping station of a WT became functional. 
The mean restoration curve for the WSN is shown 
in Figure 3 (a) for each EF-scale tornado. For 
example, immediately after an EF5 tornado, 64% 
of Norman, on average, would not be supplied by 
the WSN. After 14, 30, and 60 days of recovery 
following the event, the mean performance of the 
WSN is returned to 82, 90, and 95 percent, 
respectively.  
Moreover, in order to elucidate the effect of 
the cross-dependencies among networks on the 
WSN mean restoration curve (i.e., the effect of the 
EPN performance loss on the performance of the 
WSN), the intrinsic and extrinsic performance 
loss were distinguished for the mean restoration 
curve of the EF5 tornado and are shown in  Figure 
3 (b). The intrinsic performance loss is the loss of 
performance in the WSN that resulted from the 
intrinsic failure of the components within the 
WSN, while the extrinsic performance loss is that 
which resulted from the extrinsic failure of the 
components. As shown in  Figure 3 (b), the 
majority of the performance loss in the WSN 
immediately after an EF5 tornado is due to the 
extrinsic failures (i.e., the loss of performance in 
the EPN). However, the intrinsic failures last 
longer such that the contribution of the intrinsic 
and extrinsic failures are approximately equal in 
the performance loss of the WSN during the full 
restoration (i.e., 48% vs 52%). This is because the 
components in the WSN require a significantly 
longer duration to be repaired compared to the 
components in the EPN. 
The recovery curves were developed for 
other networks as well (i.e., EPN, SN, RS, and 
BS). However, only the results for the WSN 
network was presented here as an example. The 
interested readers can refer to Masoomi (2018) for 
Generate an initiation time
Update time
Update the status of the repaired 
components to  not-failed 
Allocate available resource units 
to the damaged components in 
the recovery sequence list
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more information and the details of the recovery 
curves for all other networks. 
 
 
Figure 3. (a) Mean restoration curves for the WSN 
after each EF-scale tornado and (b) the effect of 
cross-dependencies on the WSN mean restoration 
curve after an EF5 tornado 
5. POPULATION OUTMIGRATION 
Masoomi et al. (2018) quantified population 
outmigration as a socioeconomic resilience metric 
that can be assessed at different level from 
household-level to community-level. This metric 
was selected in the current study as a community-
level resilience metric. The population 
outmigration methodology calculates the 
probability of outmigration for each household in 
the city based on damage to the buildings and 
infrastructure, school closure, and loss of 
employment. Therefore, the students, employees, 
and other residents in a household are considered 
in the methodology to see if they are affected by 
non-functionality of schools, workplaces, and 
residences, respectively. the functionality of each 
building (i.e., residential, school, and workplace 
buildings) depends on the physical performance 
of the building as well as the availability of water 
and electric power. 
Once the probability of outmigration is 
calculated for each household in the city, the 
probability can be aggregated for the households 
at each grid to estimate population outmigration 
(PO) at the grid level or be aggregated for all 
households in Norman to estimate PO at the 
community level. In this study, population 
outmigration analysis was performed for Norman 
subjected to tornadoes with different intensities 
and the mean percentage of population 
outmigration at the community-level is shown in 
Figure 4 as a function of time after the event for 
each EF-scale tornado. In the case of an EF5 
tornado (with the tornado path center located 
within the area of pseudo-Norman), 6.96% of the 
Norman’s population (approximately 7,700 
people) out-migrate, on average, as a result of 
physical-socio-economic disruptions in the 
community. 
 
Figure 4. Mean population outmigration in Norman 
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6. FATALITIES AND INJURIES 
The number of tornado-induced injuries and 
fatalities were estimated for a simulated tornado 
to serve as a community-level life-safety metric in 
this study. Masoomi and van de Lindt (2018b) 
developed several models to predict tornado-
induced injuries and fatalities based on a dataset 
of historical tornadoes in the United States. 
For example, the Basic Model in Masoomi 
and van de Lindt (2018b) was applied to Norman 
to estimate casualties for a simulated tornado in 
Norman. The mean values for the expected 
number of injuries are 0.08, 0.16, 2.03, 11.41, 
35.49, and 150.89, respectively, after an EF0 to 
EF5 tornado in Norman and the corresponding 
mean values for fatalities are 0, 0, 0, 0.56, 2.48, 
and 18.52, respectively. 
7. COMMUNITY-RESILIENCE-BASED 
DESIGN 
A community-resilience-based design (CRBD) 
methodology was proposed here based on 
population outmigration and tornado-induced 
casualties as community-level metrics, which is 
shown in Figure 5. The CRBD methodology 
along with a multi-objective optimization 
algorithm can be leveraged to disaggregate 
community-level objectives into a required 
performance target for the specified components 
of the built environment. Four resilience actions 
(i.e., robustness, redundancy, resourcefulness, 
and rapidity) can be considered to define the 
decision variables in the optimization problem in 
this methodology. For example, in order to 
improve robustness, the fragility curves can be 
enhanced. Redundancy can be boosted by 
changing the dependencies in the community 
modeling or by providing back-up components 
for the critical facilities such as hospitals. 
Furthermore, resourcefulness and rapidity can be 
improved in the recovery process by applying 
better policies for resource allocation or 
restoration prioritization. 
As an example, a full analysis of Norman was 
done to find a predefined goal for each population 
outmigration and the number of tornado-induced 
injuries and fatalities after an EF3 tornado. For 
simplicity, the percent change in the median of 
fragility curves of the residential buildings in 
Norman was considered here as a decision 
variable while a myriad combination of decision 
variables can be assumed in an overarching 
analysis. As shown in Figure 6, after an EF3 
tornado in pseudo-Norman, the mean population 
outmigration, the mean number of injuries, and 
the mean number of fatalities are equal to 919, 
68.3, and 4.6, respectively. The values for these 
community-level metrics can be decreased to 266, 
35.7, and 2.1, respectively, by a 25% increase in 
the decision variable. They can be further reduced 
into 167, 12.9, and 0.8, respectively, if 50% 
increase is chosen for the decision variable. These 
values can be checked with a predefined 
community-level goals defined by policymakers 
or community leaders to find if they are 
satisfactory. In order to increase the flexibility of 
the problem, the decision variables can be 
considered different for different parts of the city. 
 
 
Figure 5. Community-resilience-based design (CRBD) 
methodology 
8. CONCLUSIONS 
In this study, a framework was proposed and 
explained for community-resilience-based design 
(CRBD) of the components of the built 
environment within a community. The purpose of 
the CRBD methodology is to disaggregate several 
prescribed community-level objectives (including 
Community-Level 
Analyses
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resilience objectives such as population 
outmigration) into a set of required performance 
targets for specified (or all) components of the 
built environment. The proposed methodology 
can be further implemented to find an optimized 
recovery policy or to master-plan a new 




Figure 6. Mean population outmigration, mean 
number of fatalities, and mean number of injuries after 
an EF3 tornado in Norman for different performance 
changes of the buildings in the residential sector of 
Norman 
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